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Abstract Modeling inclined fine‐scale mud drapes inside point bars, deposited on accretion surfaces during
stages of low energy or slack water, is critical to modeling fluid flow in complex sedimentary environments
(e.g., fluvial and turbidity flows). These features have been modeled using deterministic or geostatistical
modeling tools (e.g., object‐, event‐, and pixel‐based). However, this is a non‐trivial task due to the need to
preserve geological realism (e.g., connectivity within sedimentary features and facies hierarchy), while being
able to condition the generated models to point data (e.g., well data). Generative Adversarial Networks (GAN)
have been successfully applied to reproduce several large‐scale scenarios (e.g., braided rivers and carbonate
reservoirs), yet their potential for capturing small‐scale and hierarchical features remains largely unexplored.
Here, we propose a geo‐modeling workflow for fast modeling of small‐scale conditional mud drapes based on
ALLUVSIM and GANSim. Initially, improved ALLUVSIM produces realistic unconditional models of mud
drapes along accretionary surfaces, serving as GAN training data. GANSim is then employed to achieve
conditioning to well data and probability maps derived from geophysical modeling. Finally, temporal pressure
data observed in wells are further conditioned via a Markov chain Monte Carlo sampling method. The proposed
geo‐modeling workflow is validated in a two‐dimensional synthetic example as the pre‐trained generator
extracts mud‐drapes‐features and generates multiple facies realizations conditioned to diverse information. A
field application example in a modern meandering river verifies the effectiveness and practicability of the
proposed workflow in real case application examples. The application examples illustrate the potential of the
proposed method to predict mud drapes inside point bar reservoirs.

1. Introduction
Geology is composed of a hierarchy of heterogeneities. Even within a pure sandy point bar of a meandering
channel (e.g., fluvial, mixed tidal‐fluvial, tidal, or marine channel), there might exist many inclined, thin, muddy
beds that hinder the subsurface fluid flow, such as CO2, water, and oil (Biber et al., 2017; Dawuda & Sriniva-
san, 2022b; Johnson & Dashtgard, 2014; Makaske & Weerts, 2005; Novakovic et al., 2002; Willis &
White, 2000). Such muddy low permeability beds (i.e., flow baffles) with depositional dip are commonly
designated as “mud (shale) drapes” (Colombera et al., 2018; Li & White, 2003; Pranter et al., 2007; Thomas
et al., 1987; Yan et al., 2017; Yin, 2013). Mud drapes often have a nearly parallel strike with the active or
abandoned channels with a sheet‐like geometry, ranging from millimeters to centimeters in thickness. They are
composed of fine lithologies, such as mudstone, siltstone, or claystone. Mud drapes are probably deposited during
a single major flood event as flood energy wanes, with fine‐grained lithologies draping and depositing on the
point bar sand (Bridge & Diemer, 1983; Thomas et al., 1987). Being able to realistically model these mud drapes
distributions, that are consistent with given sparse well facies interpretations, geophysical data, temporal pressure
change data observed at wells, and some global features like the proportion of each facies, are of significance in
the geological storage of CO2, subsurface water management and hydrocarbon production.

Modeling the spatial distribution of mud drapes is commonly achieved through hierarchical modeling of channel
belts, single channels, point bar sand bodies, and finally mud drapes inside point bars. There has been an effort to
predict the spatial distribution of large‐scale channel belts deposits (Dupont et al., 2018; Nesvold &
Mukerji, 2021; Rongier et al., 2017; Sun et al., 2023; Winkels et al., 2022). However, accurately modeling the
mud drapes is challenging because the mud drape is often thin, below the seismic resolution limits (Li &
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White, 2003), and therefore their presence and geometry are hard to model. Additionally, their spatial geological
patterns are complex, and conditioning to various sources of data, such as well‐interpreted facies data and global
features like the distance between successive drapes and thickness, is challenging.

Object‐based methods (OBM) are extensively used in the field of fluvial reservoir modeling (e.g., FLUVSIM
algorithm) (Deutsch & Tran, 2002). In this class of methodologies, the geometries of fluvial architectural ele-
ments (i.e., fluvial sedimentary objects) are described by user‐defined parameters and mud drapes are simulated
along parallel curves in the plan (e.g., Hassanpour et al., 2013; Yin, 2013) and sigmoidal functions in vertical
profiles (e.g., Dawuda & Srinivasan, 2022a). With these algorithms, the simulated mud drapes may lack
geological realism.

Compared to OBM, process‐based/process‐mimicking‐based (Pyrcz & Deutsch, 2004; Shu et al., 2015) and
geometric‐based methods (Montero et al., 2021; Yan et al., 2017, 2021) may be more suitable for characterizing
the distribution and geometries of point bars and their internal mud drapes geometries. For example, the bank
retreat fluvial model is a simplified process‐based model of stream meander migration, where the stream and its
migration process are parameterized by hydraulic parameters (Howard, 1992; Howard & Knutson, 1984), applied
to construct realistic models of channel belt fluvial reservoirs (Lopez et al., 2001; Sun et al., 1996). The
ALLUVSIM algorithm (Pyrcz et al., 2009) further adopts the bank retreat fluvial model to characterize the
meander migration and to create various reliable fluvial styles, but mud drapes are not considered. Pyrcz and
Deutsch (2004) used an unconditional bank retreat fluvial model to reproduce the complex geometries of mud
drapes. Shu et al. (2015) proposed a meander migration process to simulate conditional mud drapes using an
inversion algorithm. Although the forward and/or backward simulation based on river hydrodynamics can
accurately characterize the geometry of point bars and mud drapes, conditioning to borehole data or seismic data
is a long‐standing challenge.

Two‐point statistics (TPS)‐based (Deutsch & Journel, 1998) and multiple‐point statistics (MPS)‐based methods
(Mariéthoz & Caers, 2014) are commonly used for generating subsurface models that address the data condi-
tioning problem. Li and White (2003) utilized ground‐penetrating radar‐derived variograms to model stochastic
mud drapes in distributary channel point bars. Montero et al. (2021) and Wang et al. (2021) employed MPS to
simulate mud drapes in three‐dimensions for theoretical and real fluvial reservoirs, respectively. While MPS‐
based methods offer greater realism compare to TPS‐based methods, their application in modeling nonsta-
tionary spatial phenomena, particularly in mud drapes, remains challenging. Rongier et al. (2017) proposed using
TPS (sequential Gaussian simulation) or MPS methods to simulate migration factor to constrain forward and
backward channel migration processes, yet the incorporation of mud drapes and data conditioning requires further
exploration.

Generative Adversarial Networks (GAN) have two different deep neural networks that are trained adversarial
(i.e., a generator and a discriminator) (Goodfellow et al., 2014). GAN can be implemented using various types of
neural network architectures, such as fully connected networks; Convolutional neural networks (CNN) (e.g.,
Lecun et al., 1998); Long‐short‐term memory (LSTM) (e.g., Hochreiter & Schmidhuber, 1997). During training,
GAN alternates between the training of the discriminator and the generator, using loss functions such as Was-
serstein loss (Arjovsky et al., 2017) and its penalty versions (Gulrajani et al., 2017). GAN excels at capturing and
reproducing complex spatial patterns, making them highly useful in many computer vision applications such as
image translation (e.g., Park et al., 2019) and video segmentation (e.g., Kirillov et al., 2023). GAN has been
widely used within the geo‐modeling workflow (e.g., Azevedo et al., 2020; Laloy et al., 2018; Song et al., 2021a,
2021b; Song, Mukerji, & Hou et al., 2022). Laloy et al. (2018) and Zhang et al. (2019) applied GAN for the
geomodeling of 2‐D/3‐D channel facies geomodels and achieved conditioning to borehole data and temporal
pressure data. However, their approaches are computationally expensive. Whenever the observed data change,
finding an appropriate latent vector becomes necessary, involving techniques like Markov chain Monte Carlo
(McMC) (e.g., Laloy et al., 2018), gradient decent (e.g., Zhang et al., 2019) and inference network training (e.g.,
Chan & Elsheikh, 2019). Thus, Song et al. (2021a) and Song, Mukerji, Hou, Zhang, et al. (2022) proposed an
advanced GAN‐based geomodeling method with direct conditioning, called GANSim, where the generator takes
conditioning data (i.e., sparse well‐interpreted facies data, geophysics‐produced probability maps, and global
features like channel width and sinuosity) as inputs; after training, the trained generator can produce realistic
geomodels that are consistent with the given conditioning data. Song, Mukerji, Hou and Zhang, et al. (2022)
extended the use of GANSim to model real karst caves reservoirs, achieving excellent performance in generating
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realistic facies patterns. Also, GANSim has been combined with different latent vector searching algorithms to
further achieve conditioning to temporal borehole pressure data (Song et al., 2023).

Most of the existing application examples where GAN has been successfully applied focus on validating methods,
which results in unrealistic or simplified training data (e.g., simple training image with two facies and with
relatively simple geometries) (Strebelle, 2002). In this work, we aim to combine ALLUVSIM's high‐quality
realism and GANSim's pattern reproduction and conditional ability to simulate small‐scale mud drapes under
various types of conditioning data. Our goal in the stochastic geomodeling of mud drapes is to devise an effective
workflow for producing geological patterns of mud drapes including their geometries, their distance between each
other, and the contact relationships with other facies, and easily achieving ideal static data conditioning and
history matching in modern river surface.

This paper is organized as follows. After detailing the adopted methodology in the next section, we describe how
to build geologically plausible mud drapes geomodels as the training data set shown in Section 3. Then, based on
the training data set, we apply GAN for unconditional geomodeling of mud drapes in Section 4. Next, in Section 5,
we further apply GANSim to train a CNN‐based conditional generator to produce facies models conditioned to
well interpretations and geophysics‐produced facies probability maps. The generator's performance is assessed
using different quantitative metrics. In Section 6, a history‐matching experiment in modern channel deposits is
designed to verify the effectiveness and applicability of the pre‐trained generator using ALLUVSIM‐GANSim.
Meanwhile, McMC is used to condition the GANSim‐produced facies models further to temporal pressure change
data observed at wells. Finally, conclusions are given in Section 7.

2. Methodology
This section details the ALLUVSIM algorithm, which is used to generate the training data set, the proposed GAN
to generate mud drapes facies, which is based on conditional progressive growing of GAN (PgGAN) (Karras
et al., 2017) under the GANSim workflow, and the proposed GANsim‐based history matching method.

2.1. ALLUVSIM for Simulating Mud Drapes Models

The ALLUVSIM algorithm is well‐suited for constructing fluvial models (Pyrcz et al., 2009) and extended
successfully to diverse depositional environments like confined deep water settings (Yin, Hu, et al., 2020). Using
a fluvial sedimentary object's central axis, termed a centerline, it establishes initial channel centerlines of various
sinuosity levels via Ferguson’s disturbed periodic model (1976). Channel migration centerlines are then deter-
mined based on the bank retreat model (Howard, 1992; Sun et al., 1996) and organized into groups called a
centerline complex (Figure 1a). This forms the basis for simulating fluvial objects like channel fills and point bars
but overlooks mud drapes in temporal sequence (Figure 1b).

To address this limitation, we incorporate the extension length ratio and frequency of mud drapes (i.e., improved
ALLUVSIM). Initially, channel boundaries are randomly retained as mud drapes during the meandering process
(Li & Caers, 2011; Pyrcz & Deutsch, 2004), accounting for their varying frequency, as fine lithologies often drape
there when flood energy diminishes (Thomas et al., 1987). Then, mud drapes on the concave (outer) bank are
replaced with channel sand due to erosion. Lastly, considering their diverse extension distances, we randomly
preserve these mud drapes on the convex (inner) bank, as the increasing flow energy often truncate their lower
parts. This approach results in the formation of “semi‐connected sand‐body” models, referred to as mud drapes
models (Figure 1c).

Moreover, sinuosity is introduced to control the generation of low‐ and high‐sinuosity channels, indirectly
calculated by dividing the current channel length by the initial channel length and then multiplying it by the initial
channel sinuosity (Yin, Hu, et al., 2020). Lateral channel migration continues until the current channel's sinuosity
reaches the target value. Consequently, the outcome is a set of semi‐connected mud drapes models, each pos-
sessing a desired sinuosity (Figure 1c).

2.2. Progressive Growing of GAN (PgGAN) for Unconditional Geomodeling

In classical GAN (Supporting Information S1), the generator and discriminator networks are typically trained at a
fixed‐resolution image and simultaneously learn features of different scales from images. This approach often
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causes the generated images to be blurry and lacking the fine details of the training data set. Besides, mode
collapsing often occurs in classical GAN (i.e., the trained generator cannot produce variable facies models).

To overcome these challenges, Wasserstein loss with gradient penalty, mini‐batch standard deviation, and pro-
gressive growing are used in PgGAN (Karras et al., 2017). With the progressive growing technique, the training of
the generator progressively captures different‐scale features from low‐to‐high and accordingly produces
different‐resolution images from low‐to‐high. For example, the generated images may start from a 4 by 4‐pixel
image and double the resolution until the final 64 by 64‐pixel image (Figure 2). This gradual growth helps reduce
reliance on nearest neighbor upsampling and increase reliance on learned parameters, controlled by the parameter
α, which grows from 0 to 1 in increments.

For our specific application of unconditional geomodeling, we use the architecture of unconditional generator and
discriminator networks shown in Table 1. When comparing with Song et al. (2021b), we mainly modify the
generator by replacing fully‐connected and reshape layers with convolutional layers, enabling the trained
generator to produce images at large sizes instead of the same fixed size as the training data. For example, with the
generator architecture of Table 1, if the size of the latent vector is multiplied from 4 by 4 by 8 into 8 by 12 by 8,
then the generator's output would also enlarge from 64 by 64 to 128 by 192 pixels.

To assess the performance of the GAN, we employ one qualitative (visual inspection) and two quantitative
metrics: namely variogram model analysis; and a dimension reduction method by combining sliced Wasserstein
distance and multidimensional scaling (SWD‐MDS) (Song et al., 2021b). With SWD‐MDS, a random facies

Figure 1. (a) A centerline complex displaying lateral and downstream migration of the initial channel centerline (gray line).
(b) An illustration of point bar formation over time in original ALLUVSIM. The last channel is the channel fill facies type
and the previous channel is the point bar facies type. (c) An illustration of the mud drapes over time in improved
ALLUVSIM. Each step includes preserving and removing channel bottom surfaces, resulting in lateral continuity or
discontinuity of mud drapes preservation based on extension length and development frequency.
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model can be projected into a point of a low‐dimensional space (e.g., 2‐D or 3‐D); when multiple facies models
are projected, the distribution of these low‐dimensional points represents the geological patterns of these facies
models. These metrics evaluate the quality and geological plausibility of the generated images compared to the
original training data set.

2.3. Conditional GAN

Figure 3 shows a schematic representation of conditional PgGAN under a conditional GANSim workflow. This
variant differs from the unconditional GAN (Section 2.2) primarily in two aspects: the generator architecture and
the condition‐based loss functions.

Regarding the generator architecture, the conditional GAN incorporates the input conditioning data, specif-
ically well‐interpreted facies data denoted as “w” and probability data “p”, which are progressively combined
with the input latent vector “z.” For example, during the 16 by 16 training phase, the original 64 by 64‐
resolution of the input well facies data is downsampled to 16 by 16‐resolution and represented as two
channels: a well location indicator channel (16 × 16 × 1) and a well facies indicator channel (16 × 16 × 1).
These two channels (16 × 16 × 2) undergo convolution to form 16 channels (16 × 16 × 16), which are then
added to the corresponding resolution of the generator network structure (indicated by the red solid arrows in
Figure 3).

Regarding the condition‐based loss functions, they play a vital role in guiding the generator to learn the rela-
tionship between the input well‐interpreted facies data (or probability) and generated facies models at each
resolution (Figure 3). The combined loss function used in conditional generation is expressed as follows:

L(Dφ, Gθ)comb = βorigL(Dφ,Gθ)orig + βwellL(Gθ)well + βprobL(Gθ)prob (1)

where βorig, βwell, and βprob are the weights of the facies‐pattern‐based loss function L(Dφ,Gθ)orig, well‐based loss
function L(Gθ)well, and probability‐based loss function L(Gθ)prob, respectively. By combining these loss functions,
the conditional GAN can effectively integrate the information from well and probability data to generate lower
uncertainty facies models.

In addition to evaluating the metrics introduced for the unconditional GAN, assessing the conditioning ability
of conditional GAN on observed data is crucial. The metric involves evaluating the matching of well‐

Figure 2. The training process of mud drapes images using progressive growing of GAN. Starting at a low spatial 4 × 4 pixels
resolution, the generator (G) and discriminator (D) gradually increase to a higher 64 × 64 pixels resolution. Here,
represents convolutional layers operating on N × N resolution. Facies models include floodplain (black), mud drapes (blue),
channel fill (green), and point bar (yellow) types. The right shows six mud drapes images generated using progressive growing
at 64 × 64 (modified by Karras et al. (2017)).
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interpreted facies data and GAN‐produced facies model, as well as the
degree of matching probability map and the frequency of GAN‐produced
facies models.

2.4. History Matching Combining Markov Chain Monte Carlo and
Conditional GAN

In the application example shown below, we predict facies m using daily
measurements of bottomhole pressure (BHP) d observed at sparely spatially
distributed wells. In a Bayesian framework, the posterior probability density
function (pdf) is given by:

P(m|d) =
P(d|m)P(m)

P(d)
∝ L(m|d) P(m) (2)

where P(m) represents the prior space, L(m|d) ≡ P(d|m) represents a like-
lihood function, and P(d) is normalization constant. The likelihood function
represents the degree of fit between m and d.

The objective and likelihood functions can be defined as:

F(m) =
1
N
∑
N

k=1
( fk(m) − dk)

2
(3)

L(m|d) = exp(−
1
N
∑
N

k=1

( fk(m) − dk)
2

2σ2 ) (4)

where N is the number of observed pressures at wells, dk is the pressures of
the k‐th observation well, fk(m) is a deterministic and error‐free forward
process, fk(m) = dk + e, and e is the noise term with mean zero and vari-
ance σ.

The prior space is represented by multiple realizations generated by the
trained generator Gθ(z,w,p) . The prior pdf is formulated as:

P(m) = P(m|z)P(z) =
1
2π

exp(− ∑
128

n=1

zn2

2
) (5)

where P(m|z) is the probability from low‐dimensional space R128 to high‐
dimensional space R64×64, P(z) is the pdf of a latent vector z in its distribution
Pz, zn is the n‐th dimension element in the 128‐dimensional latent vector,
zn ∼ Gaussian(0,1) . Since the same random vector would map the same
output in this study, we default to P(m|z) equals to one.

In Metropolis‐Hasting (Hastings, 1970; Metropolis et al., 1953), two steps are
carried out at each iteration: (a) proposing a new model mi+1 using the
transition matrix q(mi+1

⃒
⃒mi); (b) accepting the suggested model with a certain

probability α(mi,mi+1) ; otherwise, retain the previous model mi. The
acceptance rate of the suggested model can be expressed as follow:

α(mi,mi+1) = min{1,
L(mi+1|d)
L(mi|d)

} = min
⎧⎨

⎩
1, exp

⎛

⎜
⎝

1
N
∑
N

k=1

( fk (mi) − dk)
2
− ( fk (mi+1) − dk)

2

2σ2

⎞

⎟
⎠
⎫⎬

⎭
(6)

Table 1
Architectures of the Unconditional Generator and Discriminator Networks
Modified From Song et al. (2021b)

Generator Act Output shape Params

Latent vector – 4 × 4 × 8 –

Conv 3 × 3 LReLU 4 × 4 × 128 9 k

Conv 3 × 3 LReLU 4 × 4 × 128 148 k

Upsample – 8 × 8 × 128 –

Conv 3 × 3 LReLU 8 × 8 × 128 148 k

Conv 3 × 3 LReLU 8 × 8 × 128 148 k

Upsample – 16 × 16 × 128 –

Conv 3 × 3 LReLU 16 × 16 × 128 148 k

Conv 3 × 3 LReLU 16 × 16 × 128 148 k

Upsample – 32 × 32 × 128 –

Conv 3 × 3 LReLU 32 × 32 × 128 148 k

Conv 3 × 3 LReLU 32 × 32 × 128 148 k

Upsample – 64 × 64 × 128 –

Conv 3 × 3 LReLU 64 × 64 × 64 74 k

Conv 3 × 3 LReLU 64 × 64 × 64 37 k

Conv 1 × 1 Linear 64 × 64 × 1 65

Total trainable parameters 1.16 M

Discriminator Act. Output shape Params

Input image – 64 × 64 × 1 –

Conv 1 × 1 LReLU 64 × 64 × 64 128

Conv 3 × 3 LReLU 64 × 64 × 64 37 k

Conv 3 × 3 LReLU 64 × 64 × 128 74 k

Downsample – 32 × 32 × 128 –

Conv 3 × 3 LReLU 32 × 32 × 128 148 k

Conv 3 × 3 LReLU 32 × 32 × 128 148 k

Downsample – 16 × 16 × 128 –

Conv 3 × 3 LReLU 16 × 16 × 128 148 k

Conv 3 × 3 LReLU 16 × 16 × 128 148 k

Downsample – 8 × 8 × 128 –

Conv 3 × 3 LReLU 8 × 8 × 128 148 k

Conv 3 × 3 LReLU 8 × 8 × 128 148 k

Downsample – 4 × 4 × 128 –

Minibatch stddev – 4 × 4 × 129 –

Conv 3 × 3 LReLU 4 × 4 × 128 148 k

Fully‐connected LReLU 2,048 × 1 262 k

Fully‐connected Linear 1 × 1 2,049

Total trainable parameters 1.41 M
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3. Construction of Mud Drapes Conceptual Geomodels and Training Data Set
In this section, we generate numerous large‐size conceptual facies models of modern fluvial point bars with
improved ALLUVSIM. These conceptual facies models are essentially a database of geological patterns, which
serve as the foundation for creating training data sets for GANs.

3.1. Modern Point Bar Examples

Figure 4 displays the meandering fluvial patterns observed in the Oulankajoki River, Rio Pardo, Likouala Aux
Herbes River, and Huihe River, respectively. While high‐resolution satellite imagery aids in constructing large‐
scale training data sets like river deltas (Nesvold & Mukerji, 2021), the thin nature of mud‐drape deposits prevents
their direct extraction from Earth observation data. Consequently, we indirectly identify possible mud drapes by
observing variations in the direction of point bar migration (i.e., tracing past channel migrations (Russell
et al., 2018)). The planform geomorphology of mud drapes, as depicted in Figure 4, hinges on channel sinuosity,

Figure 3. Schematic representation of the conditional generative adversarial networks used in the application example shown below. The generator has as inputs the
latent vector, well‐interpreted facies data, and probability map into the generator to generate geological realizations. Facies are extracted at the well location, and
frequency volume is computed from these realizations. Loss functions—facies‐pattern‐based (L(Dφ,Gθ)orig: distance between fake and real images), well‐based
(L(Gθ)well: distance between extracted and input well‐interpreted facies data), and the probability‐based (L(Gθ)prob: distance between the frequency volume and input
probability map)—update generator and discriminator network parameters. The channel complex probability map indicates the probability of channel development,
incorporating mud drapes (blue), channel fill (green), and point bar sand facies (yellow).

Figure 4. Four small sections of the modern rivers: (a) The Oulankajoki River, Finland (66°18′ N, 29°33′ E), (b) Rio Pardo, Brazil (15°41′ S, 44°53′ W), (c) Likouala
Aux Herbes River, Congo (0°28′ S, 17°25′ E), and (d) The Huihe River, China (48°3′N, 119°46′ E). The yellow areas represent the channels, and the white dashed lines
represent the possible mud drapes.
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wavelength, amplitude, and migration patterns. For example, the Oulankajoki River section, characterized by a
low sinuosity and downstream sweep, produces nearly parallel mud drapes formations (Figure 4a). In contrast, the
Rio Pardo section, marked by substantial lateral channel migration and higher sinuosity, generates crescent‐
shaped mud drapes formations (Figure 4b).

3.2. Construct and Validate Conceptual Facies Geomodels of Mud Drapes

In our experiment, the improved ALLUVSIM algorithm considers the genetics, shape, and sinuosity of mud drapes
in meandering rivers. Table 2 summarizes the input parameters for generating two hundred 3‐D realizations
(Figure 5), with a grid size of 10 m× 10 m× 0.1 m, accounting for grid count, point bar characteristics, and dynamic
simulation (Supporting Information S1). These realizations serve as conceptual geological facies models,
providing a valuable database of geological patterns (Al‐Khalifa et al., 2007; Hoffimann et al., 2021; Song,
Mukerji, Hou and Zhang, et al., 2022). The preserved mud drapes' extension length ratio was approximately 0.67
from the real world (Labrecque et al., 2011; Niu et al., 2021; Yan et al., 2017). Factors like channel width,
wavelength, amplitude, and migration patterns significantly impact mud drapes morphology in surface patterns,
controlled by specific parameters in Table 2: Channel width relies on depth and width‐to‐depth ratio; “Step” de-
termines wavelength (smaller steps result in shorter wavelengths), while channel fill sinuosity influences ampli-
tude; “Q” affects lateral and downstream channel migration, with smaller values implying stronger lateral
migration and larger values indicating stronger downstream migration. The generation process took roughly 10 hr
on a standard laptop with a Core i7‐10875H, 2.30 GHz CPU, and 32 GB RAM (the same computing environment
used for history matching in Section 6.1).

We derived 2‐D sections from the 3‐D conceptual models for practical application in contemporary rivers. These
images display various channel characteristics: narrow (Figure 6a) and wide channels (Figure 6d), low‐sinuosity
(Figure 6h) and high‐sinuosity channels (Figure 6c), isolated (Figures 6a–6d, 6g, and 6h) and stacked channels
(Figure 6e), asymmetrical (Figure 6a) and symmetrical mud drapes (Figure 6b), and more. The comparison
between conceptual models and modern rivers revealed analogous mud‐drape patterns between Figures 6a–6d
and 4a–4d, respectively. These findings suggest that our mud drapes conceptual models offer promising appli-
cations in real‐world scenarios.

3.3. Construction of the Training Data Sets

We consider two distinct 2‐D data sets for generating unconditional and conditional facies realizations. For the
unconditional simulation of mud drapes, we randomly cropped each conceptual model (200 × 200 pixels) to
generate 125 2‐D patches (64 × 64 pixels images). This process resulted in a total of 25,000 2‐D facies models. To

Table 2
The Key Input Parameters for Improved ALLUVSIM

Key input parameters Value

The simulated area (cells) 200 × 200 × 160

Grid size (m) 10 × 10 × 0.1

The target net‐to‐gross ratio 0.15–0.3

Orientation (°) [0, 2] deviating from north‐south direction

The average total flow in the channel Q (m3/s) [2, 0.5]

Step (m) 5–15

Depth (m) 1

Width‐to‐depth ratio 15–55

Initial channel sinuosity [1.2, 0.05]

Sinuosity target [1.7, 0.05]

The extension length ratio of mud drapes [0.67, 0.1]

The frequency of mud drapes (counts) [1–6]

Note. [a, b] represents a Gaussian distribution with mean of “a” and variance of “b”, while [c, d] represents a uniform
distribution ranging from minimum value “c” to maximum value “d.”
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ensure the quality of training images, we retained only those patches with a floodplain proportion of less than 0.8,
thereby balancing the training data set to avoid the influence of models with fewer mud drapes. Figure 7a displays
14 randomly selected training facies models.

In addition to the facies models, well‐interpreted facies data and probability maps are created for the conditional
simulation of mud drapes. The well facies data consisted of random samples spatially distributed between 1 and
300 position points in each facies model (Figure 7b). For low‐resolution probability data, we convolved a 2‐D
Gaussian kernel with the 2‐D conceptual facies models to mimic the spatial resolution obtained in conven-
tional seismic reflection data. The kernel size ranges from 13× 13 pixels to 27× 27 pixels in odd increments, with
standard deviations equal to the kernel size. As individual facies probability maps may be difficult to construct
due to the limitation of real seismic resolutions, especially for the presence of mud drapes, a single probability
map is constructed instead of four respective probability maps (Figure 7c).

These models are randomly divided into a training data set (20,000 models) and a testing data set (5,000 models)
for both conditional and unconditional cases. The training data set was used to train the generator, while the
testing data set served exclusively for evaluation purposes.

4. Unconditional Geomodeling of Point Bar Architectures
We evaluated the results from the trained unconditional generator by comparing the produced models with those
obtained from MPS through visual inspection, two‐order and high‐order statistics.

Figure 5. Two migration centerlines over several time steps (white to black) and corresponding realizations (out of the ensemble of 200 realizations) of facies models
considering mud drapes. Each model has 200 by 200 by 160 cells in i‐, j‐ and k‐directions, respectively. Each cell is 10 m (length) by 10 m (width) by 0.1 m (height). The
floodplain deposit is not shown in the representation.
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4.1. Training of the Unconditional GAN

Training is performed on the TensorFlow platform and in parallel using two NVIDIA Tesla V100 GPUs. The
specific hyperparameters for the GAN are summarized in Table 3. The quality of the generated models is
evaluated using SWD‐MDS after each batch. Visual inspection serves as the primary criterion for stopping the
training process. The training process takes approximately 17 hr, reaching a training epoch of 7,000. We decided
to use a large number of epochs to ensure convergence during training.

4.2. Evaluation of the Trained Generator

Figure 8 shows multiple realizations generated from the unconditional MPS (i.e., DeeSse) (Mariethoz et al., 2010,
2015; Straubhaar et al., 2020) and the proposed GAN architectures. A visual inspection reveals that the un-
conditional GAN produces, for the different facies, spatial patterns that agree with real sedimentary and the
corresponding conceptual geomodels (Figures 4 and 6, respectively). The reproduction of sedimentary features
includes continuous, curvilinear channel fills, complete point bars on the convex bank of channel fill, and
continuous curvilinear mud drapes inside point bars; on the contrary, MPS‐produced results show many severely
unrealistic features (e.g., discontinuous channel fills and mud drapes). The GAN‐produced channels in different
realizations present varying widths and sinuosity, resembling real depositional systems. However, some GAN‐
produced facies realizations have minor local noises (Figure 8), suggesting that the unconditional generator
may not completely capture the spatial patterns of the training models. Continuing training and a larger, richer
training data set may address that minor noise problem.

The facies‐dependent average variogram models computed from the unconditional MPS and GAN realizations
are shown in Figure 9. These facies‐dependent NS and EW directional variogram models reveal the continuity of
each facies, which decreases in the following order: floodplain; point bar sand; channel fill; mud drapes. The
variogram models retrieved from the GAN realizations closely align with those from the training data, while
MPS‐derived models show slight deviations. Depending on the facies MPS under‐ or over‐estimates the spatial
continuity as retrieved from the training data set.

Figure 6. Eight random horizontal sections extracted from the three‐dimensional realizations of mud facies models generated with improved ALLUVSIM. The 2‐D
image axis unit here and hereafter is pixels, not the actual distance.
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Besides, we use SWD‐MDS to map 200 models from training data, 200
produced with MPS, and 200 produced with GAN. The resulting ensemble
has a total of 600 points (Figure 10). The SWD‐MDS's first and second
components (X and Y axis of Figure 10) explain around 75% of the total
variance of the data. The distribution of GAN‐produced geomodels closely
aligns with that of the training data set, while MPS‐produced data show a
slight deviation from the training data. This alignment implies that the trained
generator effectively learned spatial patterns of the channel‐point bar‐mud
drapes sedimentary system. Therefore, we can regard our trained uncondi-
tional generator as a proxy for improved ALLUVSIM.

Figure 7. (a) Mud drapes models, (b) corresponding well‐interpreted facies data, non‐well locations were set to white for intuitive visualization of well point locations
and facies types, and (c) probability maps (i.e., channel complex probability map in Figure 3) used as the unconditional and conditional training data sets (14 out of
25,000). Each model is 64 × 64 pixels.

Table 3
Hyperparameters of the Unconditional Generative Adversarial Networks

Hyperparameter Value

Learning rate 0.0001

Beta 1 0.9

Beta 2 0.99

Epsilon 1e− 8

Maximum epochs 15,000

Batch size 32
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5. Conditional Geomodeling of Point Bar Architectures
In this application example, well‐interpreted facies data and probability maps are added to the generator as
conditioning data (Section 2.3).

5.1. Training of Conditional GAN

The same configuration in terms of computational resources and hyperparameters used to train the unconditional
GAN was used herein. Besides, we select a relatively suitable weight of various loss functions (βorig = 1,
βwell = 0.25, and βprob = 0.15) to assess the conditioning ability and have facies pattern distribution with the
training data set. These weights were set after trial and error. Despite the additional input data, the training phase
of the GAN was no impact as it took us about 17hr to complete it.

5.2. Evaluation of the Trained Generator

In the test data set, we randomly selected eight groups of reference facies models, associated well‐interpreted
facies data, and probability maps for conditional testing (Figure 11). Note that the probability map can
directly be used as conditioning GAN input, while we need to divide probability into four facies probabilities for
MPS simulation. Assume that Plp1 represent the probability map and Pgp1(·) represent the global proportion of
corresponding facies in case 1. We set the probability map of floodplain 1 − Plp1, and the probability map of point

bar sand is Plp1 · Pgp1( point bar sand)
(Pgp1(mud drapes) + Pgp1(channel fill) + Pgp1( point bar sand) ) . These selected groups included various scenarios such

as a high‐sinuosity channel (e.g., case 1 in Figure 11) and stacked channels (e.g., case 4 and case 6 in Figure 11).
As expected, due to the constraints of well‐interpreted facies data and probability map, the conditional re-
alizations' spatial variability is smaller than the corresponding unconditional realizations. Generating geologically
plausible mud drapes using conditional MPS proved difficult. However, the realizations generated from condi-
tional GAN exhibit a high‐level of realism and closely resemble the associated reference models.

Figures 12 and 13 assess the degree of matching between the observed data and 10,000 facies models generated by
conditional GAN in each case. Around 80% of realizations precisely match corresponding well‐interpreted facies
data at 100% (Figure 12), while the frequency density distribution of channel complexes matches respective

Figure 8. Unconditional facies realizations: multiple‐point statistics (MPS) (left) and generative adversarial networks (GAN) (right). MPS exhibits discontinuities in
mud drapes and channel fill, while GAN exhibits minor localized channel fill noise in the point bar sand.
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probability maps (Figure 13). Despite close matches to observed data, these generated models exhibit significant
diversity.

Figures 14 and 15 focus on case 8 (Figure 11) to assess the diversity and similarity within the generated re-
alizations from the trained conditional generator. In this example, wells W1, W2, and W3 are located within the
same single point bar in the reference facies model. However, in realization b of Figure 14, wells W1 and W2
share the same single point bar but differ from well W3; Furthermore, Wells W1 and W2 are connected by point
bar sand in the reference facies model, whereas they are blocked by a mud drape in realizations c and i in
Figure 14. Additionally, 2‐D projections from SWD‐MDS (Figure 15) show that the reference case 8 distributions
are inside the conditional GAN data distributions, and the data distributions themselves are almost encompassed

Figure 10. The sliced Wasserstein distance and multidimensional scaling visualization of the distribution of the training data
(green), unconditional multiple‐point statistics data (red), and unconditional generative adversarial networks data (blue) in 2‐
D space. The left is a scatter plot, while the right is a density plot calculated from the left with the Gaussian kernel method.

Figure 9. Comparison of the average variograms models from 200 training (red), 200 MPS‐produced (purple), and 200 GAN‐produced geomodels (green) in the NS and
EW directions.
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within the distribution of the training data. Hence, the conditionally trained generator possesses robust capabilities
in extracting mud‐drape features, performing data conditioning, and producing multiple diverse realizations.

6. History Matching Using the Pre‐Trained Generator
This application example has three objectives: clarify the barrier effect of mud drapes on fluid flow through
forward BHP numerical simulation; verify that the conditional pre‐trained generator can be applied to modern
meandering river applications through high‐order statistics and dynamic history matching; and reduce the un-
certainty associated with the prediction of mud drapes from BHP inversion.

The high‐resolution Google Earth satellite image in Figure 16a depicts modern point bars from the Lalin River in
China. Within the channel bars, possible mud drapes were manually marked with purple, blue, and red solid lines.

Figure 11. Columns one to three display reference facies models, well‐interpreted facies data, and (channel complex) probability maps, respectively. Columns four to six
show multiple‐point statistics (MPS) realizations and the remaining columns show generative adversarial networks (GAN) realizations. Red boxes in both reference and
generated models indicate the location of conditional well‐interpreted facies data. Both MPS and GAN simulation results match well‐interpreted facies data.
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To address scale differences between real Google images and our synthetic training data set, we preprocessed the
training data to align the scaled training models' channel width with that of the modern rivers. The synthetic
training data's channel width (ranging between 14 and 48 m) was adjusted to match the surface channel width
range in the ground case (between 13 and 19 m) by reducing the training data size to 0.86 times. This adjustment
resulted in a training data channel width ranging between 12.9 and 47.3 m, covering the ground case channel
width. Thus, the synthetic grid size became 8.6 m × 8.6 m, and the simulated areas can be divided into 64 × 64
grids (Table 4). Next, we converted this Google image to the corresponding reference facies model (Figure 16b)
and selected eight random positions as reference (observed) well‐interpreted facies data (Figure 16c). The

Figure 12. The ability of conditional generative adversarial networks to condition well‐interpreted facies data of all cases in Figure 11.

Figure 13. Contour plots of probability (gray dashed lines) and frequency density (solid red line) of all cases in Figure 11.
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probability map (Figure 16d) was obtained by convolving the reference facies model with the convolutional
kernel of size 13 × 13. Additionally, using a numerical fluid flow simulator, we simulated steady‐state
groundwater flow transport from north to south through the reference facies model. BHP values were
measured over a period of 50 days at eight wells, providing reference (observed) BPH data (Figure 16e). The
upper and lower pressures were fixed at 344 and 329 bar, respectively, with impermeable left and right
boundaries. We assumed constant hydraulic conductivity within the same facies, as groundwater flow is typically
constrained by facies type (Table 5).

Figure 17 shows forward BHP numerical simulation of reference channels with and without mud drapes at
different intervals. The results demonstrated that the pressure models of the mud‐drape‐free channel (100%
sandstone within the point bar) remained essentially unchanged after day 5. In contrast, the pressure models of the
reference channel with mud drapes underwent significant changes within 15 days, indicating the crucial role of
mud drapes in impeding fluid movement and interrupting connectivity in sandy point bar reservoirs.

Next, by inputting random latent vectors, well‐interpreted facies data and probability maps into the pre‐trained
generator, multiple facies realizations were generated. However, the pre‐trained conditional generator occa-

sionally produces realizations that do not perfectly match the conditioning
hard data (Figure 12). To ensure accuracy in matching well‐interpreted facies
data, a fast evaluation is performed. The ensemble of these fast‐evaluated
realizations represents the prior space. Figure 18 displays multiple prior
facies, resembling the reference facies model. SWD‐MDS plots (Figure 19)
illustrate the relationships among reference facies data (black), the training
data (green), corresponding prior data (blue), and corresponding posterior
data (red) in 2‐D space. The distribution of the reference data is projected
within the distribution of the prior data, while the prior data distribution is
projected within the distribution of the training data, suggesting consistency
between mud‐drape patterns from the surface meandering river and synthetic
mud‐drape patterns from the training data set. Furthermore, the true BHP
curves are within the range of BHP curves produced by these facies re-
alizations (Figure 20). However, the mean and variance maps of 1,200 prior
facies models indicate high uncertainty of mud drapes inside point bars
(Figure 21).

We then applied McMC‐based history matching to perturb the facies gener-
ation to reproduce the observed BHP data. Figure 22 shows results from
rejection and McMC. Rejection sampling accepts a suggested model based on

Figure 14. Ten conditional GAN‐produced facies realizations in Figure 11's case 8, showcasing precise matches with well‐interpreted facies data at 100%. The choice of
three closely spaced wells (W1, W2, and W3) enables detailed observation of subtle differences within each generated realization.

Figure 15. The sliced Wasserstein distance and multidimensional scaling
visualization of case 8 in Figure 11. The relationship between the reference
data (black), 50 training data (green), and conditional GAN‐produced data
(red) in 2‐D space.
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its likelihood function ratio to the maximum likelihood function of all models, that is, L(mi
⃒
⃒d) / Lmax(m|d) (Jeong

et al., 2017). Despite both methods yielding a root mean squared error (RMSE, the square root of F(m) in
Equation 3) of approximately 0.75, rejection sampling shows a mere 0.16% model acceptance rate, contrasting
with McMC's 3.06% rate. Since 5,000 evaluations take around 14 hr, higher acceptance will significantly reduce
computational costs. Strategies like integrating simulated annealing can further increase acceptance rates.
Typically, an acceptance rate of 25%–50% for suggested models is considered computationally efficient (Gelman
et al., 1996; Hu et al., 2023; Laloy et al., 2016). After a burn‐in period of approximately 1,400 iterations, posterior
models were sampled. Six Markov chains are obtained for the ground case. The mean and variance maps for each
facies type of the posterior models were derived from 1,200 models, selecting every eighteenth facies model from
the last 3,600 iterations of each chain. The results demonstrated that incorporating dynamic data reduced facies
distribution uncertainty, particularly regarding mud drapes (Figure 21). Additionally, the posterior data distri-
bution is projected within the prior data distribution in the SWD‐MDS plot (Figure 19), and the pressure of both
reference and inverted models at eight wells fit more closely than the pressure of prior models (Figure 20), both
indicating a further reduction in mud drapes uncertainty through BHP inversion. Thus, the proposed workflow
provides technical support for predicting reliable mud drapes distributions in real‐world scenarios, which could be
a great help in the uncertainty prediction of subsurface water flow, contamination mitigation, geological storage
of CO2, and exploitation of oil and gas.

Figure 16. (a) Selected area in the Lalin River, China (45°24′ N, 125°40′ E), outlined by the blue box, showcasing a 782 m channel bed (red dotted line) and a 1,381 m
channel fill (solid pink line) with a sinuosity of 1.77. The yellow solid line outlines the channel's contour within this selected area, representing approximately 25.6% of
the total area (net‐to‐gross ratio). Purple and blue solid lines inside point bars indicate possible mud drapes formed during channel migration. (b–e) display the reference
facies model, well facies, probability map, and bottomhole pressure curves, respectively.

Table 4
Channels Parameters

Case Channel width (m) Sinuosity Scaling Grid size (m2) Cells number Area (m2)

Training data 15–55 1.5–1.9 \ 10 × 10 64–64 640 × 640

Ground case 13–19 1.77 0.86 8.6 × 8.6 64–64 550 × 550
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7. Discussion
The proposed geo‐modeling workflow uses improved ALLUVSIM to pro-
duce realistic and high‐resolution models of fine‐scale mud drapes inside
point bars. While satellite images (e.g., Google Earth™) are readily available
and offer realistic geologic patterns, they often lack the resolution necessary
to accurately identify small‐scale mud drapes within point bars and are 2‐D.
In the proposed geo‐modeling workflow, a process‐mimicking‐based method
serves as a substitute for satellite images in generating realistic training data.
Improved ALLUNSIM produces 3‐D conceptual facies models of mud drapes

that closely resemble the architectural geological elements of real‐world fluvial point bars. Other methods, such
as the Point‐Bar Sedimentary Architecture Numerical Deduction (PB‐SAND) (Yan et al., 2017) which uses time
series of central curves of shifting meandering channels to build inner architecture point bar deposits as well as
digitalization of flume experiment results, also aids in constructing realistic mud drapes models. These models are
suitable for training GANim, and the trained generator can be used to generate multiple stochastic realization that
reproduce complex sedimentary patterns considering various types of conditioning data (e.g., point data and
probability maps). The introduction of conditioning data does not increase the computational costs or degrades the
quality of the predictions. The proposed GANim architecture performs better than geostatistical methods
including the MPS‐based approaches. Other generative models (e.g., diffusion models (Ho et al., 2020) and
variational autoencoders) suitable for pattern reproduction and conditional simulation can be potential substitutes
for GANSim models.

The quality of simulated mud drapes models from the pre‐trained generator heavily relies on the quality of the
training data sets. This paper focuses on two types of mud drapes: some spanning the entire thickness of point bar
fronts and others confined to the upper parts of point bars. However, discontinuous and irregular types were not
considered (Thomas et al., 1987). Additionally, elements like oxbow lake deposits in meandering channel systems
formed by repeated meander loop cut‐off and the reworking of older point bar sediments were overlooked. This
necessitates attention to additional channel parameters like channel abandoned frequency and channel numbers
and arouses a potential requirement for the physics‐based models such as improved ALLUVSIM. Moreover,

Table 5
The Hydraulic Conductivity Value in Each Facies

Facies type The hydraulic conductivity values

Point bar sand 2,233 md

Channel fill 1,624 md

Mud drapes 8 md

Floodplain 5 md

Figure 17. The first two rows show the ground case's reference models with mud drapes, and the corresponding mud‐drape‐free model, along with their respective
pressure maps after diverse days of groundwater flow from the upper to lower boundaries. The third row displays the pressure difference between reference channels
with and without mud drapes. Notably, the point bar sand exhibits a markedly larger pressure difference compared to the channel fill.

Water Resources Research 10.1029/2023WR035989

HU ET AL. 18 of 24

 19447973, 2024, 6, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023W

R
035989 by C

ochraneC
hina, W

iley O
nline L

ibrary on [03/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



integrating other architectural elements, such as levees and crevasse splays, into current mud drapes models is
crucial for a more comprehensive training data set.

While GANSim exhibits good performance in generating realizations that match conditional data (i.e., well and
probability data), the trained conditional generator occasionally produces realizations that do not perfectly match
the conditioning hard data (Figure 12). Increasing the training time may improve the match degree between
simulated geomodels and the conditioning data. Thus, achieving a balance between computational cost and
matching accuracy is crucial. Moreover, probability maps derived from geophysical modeling are utilized as soft

Figure 18. Prior and posterior mud drapes models in the ground case.

Figure 19. Sliced Wasserstein asserstein distance and multidimensional scaling visualization. The relationship between
reference data (black), training data (green), corresponding prior data (blue), and corresponding posterior data (red) in 2‐D
space in the ground case.
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data for mud drapes modeling. Due to the limitation of real seismic resolutions, one single probability map of
multiple small‐scale facies types (e.g., the lateral accretion and mud drape) may be interpreted instead of separate
ones for each facies type. We may directly incorporate seismic data as input into the network architecture of
GANSim to enable the generator to directly learn the relationship between seismic data and facies models.

A natural extension involves applying the proposed workflow to other channel sedimentary settings, such as tidal
channels and deep marine channel‐levee system (Li & Caers, 2011). Mud drapes features may vary across
different sedimentary settings due to distinct channel patterns. For example, deep marine channel systems may
exhibit more discrete (with abrupt jump) channel migrations and vertically aggradation than fluvial channel
systems (Kolla et al., 2007). The proposed GAN architecture should be able to cope with such sedimentary
geometries as long as they are well represented in the training data set.

Although GANSim has been utilized for 3‐D geomodeling of karst caves (Song, Mukerji, Hou and Zhang,
et al., 2022), that karst cave case considers binary facies types (cave vs. non‐cave) and the geological features of
simulated caves are relatively simpler. In this work, we have four facies types, each with different scales and
geological patterns. The additional facies classes represent a challenge for the generator training. Therefore, we
utilize a 2‐D modern case first to validate the effectiveness of GANSim for such complex multiple‐facies type
cases. Challenges of shifting to 3‐D GANSim include the largely increased complexity for mud‐drape patterns, a
largely increased requirement of computational resources, and the longer training times. Besides, selecting
suitable hyperparameters (e.g., βorig, βwell, and βprob in Equation 1) could be more time‐consuming. However,
compared to 2‐D models, 3‐D geologic modeling and flow simulation will play more important role in predicting
reservoir behavior because the possible absence of mud drapes at the lower part of point bars could improve the
continuity of lateral accretion sand and thus result in tortuous paths of fluid flow (Li & White, 2003; Pranter
et al., 2007).

We also assessed the impact of the generated facies models on the fluid flow through numerical simulation and
history matching. The obtained results illustrate the flexibility of the trained generator to produce sedimentary
models that simultaneously match a given fluid flow behavior and complex geometries. The McMC method is

Figure 20. The bottomhole pressure curves comparison among reference (colored), prior (gray), and posterior models (black) at eight wells in the ground case. Little
pressure variation, exemplified by W7, may lead to poor history matching.
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used with the same manner as in Song et al. (2023) to perturb the simulated geomodel for history matching
technique in this study; alternative optimization or sampling methods could also be used.

8. Conclusions
We propose herein the ALLUVSIM‐GANSim workflow, which focuses on stochastic modeling of thin mud
drapes inside the point bar reservoirs leveraging deep learning. The following conclusions were drawn.

1. Improved ALLUVSIM proves suitable for unconditional simulating a large number of reliable and diverse
mud drapes models, making it a suitable training data set for GAN‐based geomodeling methods. The char-
acteristics of channel bars, including low and high channel sinuosity, as well as asymmetrical and symmetrical
mud drapes, are accurately represented.

2. With the unconditional training data, the trained unconditional generator excels in capturing complex mud
drapes patterns compared to unconditional MPS, making them a viable substitute to improve ALLUVSIM.

3. With the conditional training data set consisting of facies models, well‐interpreted facies data, and probability
maps, the trained conditional generator under the GANSim workflow exhibits powerful mud‐drapes‐feature
extraction capabilities, and the ability to incorporate different types of information for producing multiple
realizations.

4. The pre‐trained conditional generator, derived from the synthesized mud drapes data, has demonstrated
its capacity to expand to modern meandering river scenarios through high order statistics and dynamic
history matching results. Furthermore, BHP inversion plays a significant role in reducing mud drapes
uncertainty.

Figure 21. The mean and variance results for the prior and posterior spaces in the ground case. Columns 1–2: uncertainties of large‐scale floodplain and river channels,
identifiable under probability data. Columns 3–4: uncertainty of middle‐scale channel fill and point bars. Columns 5–6: uncertainty of small‐scale mud drapes and point
bar sand, significantly reduced by dynamic numerical simulation. Both the mean and variance plots have the same color bar limits [0, 0.5].
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Data Availability Statement
The data on which this study is based are available in Hu et al. (2024), including mud drapes data set, uncon-
ditional GAN code, and conditional GAN code.
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